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This study focuses on understanding and quantifying uncertainties in simulating river discharge in the
Upper Indus Basin (UIB) of the Western Himalayas using a macro-scale semi-distributed hydrology
model forced with multiple observed precipitation datasets and reanalysis products of near-surface windspeed, maximum and minimum temperature during 2010–2012. We performed a suite of numerical
simulations using a high-resolution setup of the variable inBltration capacity (VIC) hydrology model for
the UIB. This model takes into account the balance of both water and surface energy budgets within each
grid cell and incorporates sub-grid variability of topography to represent the eAects of orographic precipitation and temperature lapse rate essential for hydrological modelling in the complex Himalayan
terrain. While river discharges over non-mountainous basins are known to be generally sensitive to
precipitation variations, it is noted that both precipitation and snowmelt processes critically inCuence
seasonal river discharge in the UIB during the northern summer through surface temperature and windspeed variations. Our study found that a marginal difference in temperature forcing can create large
difference in snowmelt over UIB during summer season, which in turn increases the uncertainty in the
summer monsoon river discharge. This analysis highlights the equally important need for the incorporation of realistic temperature data as that of precipitation product for the better simulation of land
surface processes during various seasons, especially during summer, over snow covered UIB. Further
analysis of daily simulations of the VIC model during 2010–2012 indicates that low and medium intensity
river discharges tend to be associated with relatively lower spread among the ensemble members, as
compared to the high intensity discharges which exhibit large ensemble spread. In particular, we noted a
large increase in the spread of high Cow simulations over the UIB during the Cood episodes in the summer
of 2010, arising from uncertainties in the precipitation forcing across multiple datasets. Our results
emphasize the need for improved representation of precipitation and hydrological processes over the
Himalayan region in weather and climate models for better management of water resources and Cood
forecasting in the UIB region under a changing climate.
Keywords. Uncertainty analysis; observed precipitation and reanalysis products; semi-distributed
macro scale VIC hydrology model; Upper Indus Basin; Western Himalaya; heavy summer monsoon rains
and Coods during 2010.
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1. Introduction
The mountainous regions of the Himalaya and the
Tibetan Plateau are important sources of perennial
water storage for the highly dense population of the
South Asian region (Viviroli et al. 2007; Immerzeel
et al. 2010). The Indus river basin which lies over
the western Cank of the Himalaya is a major Coodprone region, with nearly 90% of the total area
located in the semi-arid to arid climatic regime
(Immerzeel et al. 2010; Akhtar 2011). Widespread
geographical distribution of rivers from the mountainous terrain to the low-lying coast and its
unique geographical location (Bgure 1) make this
region vulnerable to Coods. Since river Cows are
highly susceptible to rainfall variations, any change
in precipitation pattern over mountainous areas
can create far-reaching impacts on fresh water
availability in downstream areas. Besides variations in precipitation amount, temperature changes can also aAect the perennial water storage from
snow and glaciers in this area (Messerli et al. 2004;
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Immerzeel et al. 2010; Mesquita et al. 2016, 2019),
leading to huge impacts on water supply over the
region. Hence evaluation of water resources as well
as dynamics of hydrological systems over the upper
Indus basin (UIB), with an understanding and
estimation of possible sources of uncertainty, is
crucial for infrastructure development, Cood protection and eDcient water management, owing to
their significant socio-economic inCuence on the
millions of inhabitants in the low lying areas of the
region (Mesquita et al. 2019).
Hydrological modelling is a powerful tool to gain
understanding of the dynamics of hydrological
systems in order to provide reliable information
about a river basin. Rainfall-runoA models are
useful for studying runoA and stream discharge
over continental river basins (see Nijssen et al.
1997; Arnell 1999a) and also helpful in the generation of hydrological information for forecasting
and design of facilities over the region. Improved
understanding of the drivers of river discharge in
the UIB and how these drivers are aAected by

Figure 1. The upper Indus basin. The map shows the main rivers, elevation (m) and location of observed river discharge.
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changes in climatic conditions are not only important scientiBc issues, but also have major implications on the water security and sustainability in the
South Asian context (Khan and Adams 2019). A
clear understanding of these factors and how much
uncertainty can be expected from these drivers on
river discharge are also important to formulate
adaptive measures to handle potential water crisis
that may arise from changing weather and climate
extremes (Adams 2019).
Earlier studies have shown that uncertainties in
simulating stream Cow over a particular location are
inCuenced by ambiguities in model parameters,
errors in model initialization, improper calibration
of soil and snow parameters and uncertainty in
meteorological inputs (e.g., Butts et al. 2004;
Georgakakos et al. 2004; Kobold and Suselj 2005;
Raje and Krishnan 2012; Raje et al. 2014; Niroula
et al. 2018). However, as compared to uncertainties
arise from hydrological model parameters, uncertainties in input meteorological forcings produce
significant amount of uncertainties in simulated
river discharge (Raje and Krishnan 2012; Priya
2017; Joseph et al. 2018). Uncertainties in meteorological forcing arise mainly due to lack of knowledge of fundamental nature of atmospheric
processes, inadequate representations of meteorological processes over complex terrains like
Himalaya, uncertainties in model physical parameterization schemes, uncertainties in climate forcing
(anthropogenic or natural, climate feedbacks, etc.),
and the inherent chaotic nature and nonlinearities of
the climate system (see Kitoh et al. 1997; Lorenz
2000; Moss and Schneider 2000; Meehl and Arblaster 2003; Murphy et al. 2004; Kumar et al. 2006;
Annamalai et al. 2007; Kripalani et al. 2007; Fan
et al. 2010; May 2011; Sabade et al. 2011; Turner and
Annamalai 2012; Krishnan et al. 2013). It is also
known that coarse resolution climate models have
difBculties in capturing realistic water balance over
Himalayan river basins, especially over the Indus
river basin (e.g., Hasson et al. 2016), and this
necessitate the downscaling of climate model outputs (Ghosh and Mujumdar 2008; Ghosh 2010). The
UIB which lies over the Western Himalayan region
receives precipitation during the boreal summer as
well as the winter seasons, under the inCuence of the
summer monsoon circulation and mid-latitude
weather systems. In addition to the complex
topography, the regional circulation and climatic
features over the UIB are also rather intricate
(Krishnan et al. 2019a, b). While orographic rainfall
due to mechanical lifting of humid air from the Bay of
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Bengal and Arabian Sea can be vigorous during the
summer monsoon season (Medina et al. 2010; Houze
et al. 2011; Priya et al. 2015, 2017), the winter and
spring precipitation mainly comes as the eastward
moving synoptic weather systems, generally known
as Western Disturbances that originate from the
Mediterranean region (Dimri et al. 2015; Madhura
et al. 2015; Cannon et al. 2016; Hunt et al. 2019;
Krishnan et al. 2019a, b). Realistic representation of
these distinct weather producing systems during
summer and winter in weather/climate models is
critical for capturing precipitation and hydrological
processes over the UIB region. While uncertainties
in weather and climate model simulations aAect the
skill of Cood forecasts in the UIB region (Mesquita
et al. 2019), improved quantiBcation of uncertainties and their impacts on river discharge can significantly help in better formulating measures to
respond to crisis emerging from hydrological
extremes (Adams 2019; Shreshtha et al. 2019).
Previous studies have documented about the
considerable uncertainty among precipitation
datasets in the data sparse regions of the Himalaya
and Tibetan Plateau (Yin et al. 2008; Palazzi et al.
2013; Kim et al. 2015; Dahri et al. 2016), including
satellite retrieved precipitation estimates (Hussain
et al. 2017). Gridded precipitation datasets are
generated from in-situ measurements at gauge
stations. These gauge stations are located nonuniformly over the region, having lesser observations over mountainous parts of the globe. Hence,
interpolation techniques are used to generate
gridded precipitation products by giving weights to
in-situ stations. In addition, different spatial resolution among precipitation products and retrieval
techniques also add to uncertainty precipitation
estimates. Furthermore, reanalysis surface products such as surface temperature, wind speed,
precipitation, and surface heat Cuxes are known to
exhibit Bdelity in realistically capturing mean climatological features over the Tibetan Plateau, but
not the regional climatic variability (Xie et al.
2007; Ma et al. 2008, 2009; Mao et al. 2010; Wang
and Zeng 2012; Zou et al. 2014; Torralba et al.
2017; Bao and Zhang 2019). Model structure, resolution and data assimilation technique plays a
major role in the accuracy of reanalysis products.
For example, ERA5 datasets from ECMWF, with
31 km horizontal resolution and 137 vertical levels
till 0.01 hPa, utilizes current version of the Integrated Forecasting System (IFS Cycle 41r2). On
the other hand, National Center for Environmental Prediction (NCEP) utilizes Global Forecast
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System (GFS) combined with Global Data
Assimilation System to generate reanalysis products by utilizing observed data. Based on an analysis of multiple gridded datasets, Mishra (2015)
observed an uncertainty of 0.2o–0.5C in air temperature during winter and monsoon seasons over
the Himalayan water towers. While several studies
have reported large uncertainties in observed precipitation and reanalysis products over snowcovered mountainous parts of the world, their
impacts on river discharge are not yet well-understood for the Indus basin (Arnell 1999b; Bookhagen
and Burbank 2010).
Keeping the above discussion in view, the present study focuses on understanding and estimating uncertainties in simulating river discharge due
to meteorological forcing datasets over the UIB.
For this purpose, we use the process-based semidistributed variable inBltration capacity (VIC)
macro-scale hydrology model forced with multiple
meteorological datasets. Past studies have shown
important value additions from the VIC model for
Cood forecasting (Schumann et al. 2013; Wu et al.
2014) as well as river basin hydro-climatic studies
(Liang et al. 1994, 1996; Arnell 1999b; Nohara et al.
2006). This process-based semi-distributed hydrological model can balance both water and surface
energy budgets within the grid cell and incorporate
sub-grid variability of topography, essential to
represent orographic precipitation and temperature lapse rate in hydrological simulations. Previous studies have noted that the uncertainty
introduced by the VIC model is significantly less
than that introduced by input meteorological
forcings from a climate model (Raje and Krishnan
2012). In the Ph.D. thesis, Priya (2017) quantiBed
the uncertainty introduced by VIC model parameters and meteorological forcings on river discharge
during extreme precipitation event of 2010 summer
monsoon season over Upper Indus basin. They
have shown that the uncertainty due to meteorological forcings produce nine times larger uncertainty in VIC simulated river discharge than that
due to uncertainty in VIC model parameters. In
short, they noted that uncertainties in river discharge simulations during extreme rain events
of 2010 summer season were mostly due to
uncertainties in precipitation. As our aim is
to understand the uncertainty introduced by
meteorological forcing datasets, the present study
utilizes calibrated hydrological model with a
reasonably good skill (with an NSE = 0.83 and
R2 = 0.84). By doing so, one can reduce the

J. Earth Syst. Sci. (2020)129:150
complexity of analysis by removing the uncertainty
introduced by the hydrological model and focus
more on uncertainty due to meteorological forcings
only. Here, we use various observed gridded
meteorological datasets as inputs to force the VIC
model (table 1). We have performed an analysis of
the VIC simulations over the UIB for the period
2010–2012 for which the observed river discharge is
available.
The paper is organised as follows. The description of VIC hydrology model and various datasets
are furnished in section 2. Details of implementation of initial set-up, calibration, evaluation of VIC
model is included in section 3. In addition, section
3 also discusses the uncertainty analysis of simulated river discharge over the UIB. The possible
causes of these uncertainties are discussed in section 4. The outcomes of the present study are
summarized in section 5.
2. Model and datasets
2.1 VIC model setup over Indus basin
The Indus basin, which falls under the semi-arid to
arid climatic regime of Western Himalaya, is
marked with complex topographical feature and
wide geographical distribution of rivers (Bgure 1).
River discharge simulations are sensitive to spatial
variations in topography, soil characteristics and
precipitation patterns, so that Bner resolution
hydrological models often perform better in representing mountain river Cows as compared to low
resolution models (Nijssen et al. 2001a; Sharif and
Burn 2007; Oubeidillah et al. 2014). In the present
study, we employed the VIC model setup at very
high spatial resolution (0.125 9 0.125) to resolve
the complex topography of Indus basin. While the
VIC model can be operated either in the water
balance or the energy balance mode, we have
employed the energy balance mode for this study.
An oAline routing model is further used to postprocess surface runoA and base Cow simulated by
VIC model to generate river discharge at a particular location. More details about the implementation, calibration and evaluation of VIC
model are described in section 3.1.

2.2 Datasets
The VIC model requires meteorological dataset as
well as datasets for soil, land cover and elevation to
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Table 1. Meteorological as well as other datasets used in the present study.
Sl. no.
1
2
3

Variable
Precipitation

4
5

Source

Resolution

Reference

TRMM
CHIRPS
CMORPH

0.25 9 0.25
0.05 9 0.05
0.25 9 0.25

GPCP
CPC

1 9 1
0.5 9 0.5

HuAman et al. (2007)
Funk et al. (2014)
Joyce et al. (2004), Ferraro (1997),
Ferraro et al. (2000)
HuAman et al. (2001)
Xie et al. (2007), Chen et al. (2008)

6
7
8
9
10

Maximum temperature at 2-m
Minimum temperature at 2-m
Wind speed at 10 m

ERA5
ERAINTERIM
NCEP
JRA55
MERRA2

0.3 9 0.299
0.75 9 0.75
2.5o 9 2.5
0.5625 9 0.5625
0.625 9 0.5

Hersbach et al. (2019)
Dee et al. (2011)
Kalnay et al. (1996)
Kobayashi et al. (2015)
Gelaro et al. (2017)

11
12
13
14
15

Soil data (sand and clay content)
Land use land cover data
Leaf area index
Albedo
Elevation

FAO
UMD
GLCF-UMD
GLCF-UMD
GMTED2010-USGS

5 min
1 km
0.05 9 0.05
0.05 9 0.05
30 arc sec

Reynolds et al. (2000)
Hansen et al. (2000)
Liang et al. (2013)
Liu et al. (2013)
Danielson and Gesch (2011)

simulate land surface hydrological processes and
river discharge. A summary of the meteorological,
soil and land use/land cover datasets used in our
study is shown in table 1. The essential meteorological forcing parameters for the VIC model
include daily precipitation, minimum and maximum temperature at 2 m and wind speed. Additional parameters such as vapour pressure,
incoming long-wave and short-wave radiation and
air-pressure data are generated using in-built
standalone VIC algorithms. At Brst, the VIC
model disaggregates the daily quantities into subdaily Belds using cubic spline interpolation
between minimum and maximum temperatures
and Bnally derives other variables (Bohn et al.
2013).
The VIC model derives humidity and incoming
short-wave radiation from daily maximum and
minimum temperature using the algorithms of
Kimball et al. (1997), Thornton et al. (1997, 2000),
and Thornton and Running (1999) which are part
of a standalone system, MTCLIM (the Mountain
Microclimate Simulation Model), produced by
Steve Running’s Numerical Terradynamics Simulation Group at University of Montana. Estimates
of incoming long-wave radiation are based on the
Tennessee Valley Authority (1972) algorithm using
the humidity and temperature information.
Atmospheric pressure and density are calculated
by considering the grid cell elevation and global

mean temperature. In the present study, we use
gridded datasets of daily precipitation, maximum
and minimum temperature at 2 m and wind speed
which are listed in table 1. We used bilinear
interpolation technique on the coarse resolution
observed precipitation and reanalysis datasets to
interpolate the Belds into the VIC model resolution
(0.125 9 0.125). The VIC model is forced with
these interpolated meteorological Belds (table 1) to
generate runoA and base Cow, which are further
routed through an oAline routing model (Lohmann
et al. 1996, 1998) to produce river discharge. Along
with surface runoA and base Cow, the routing
model requires information about Cow accumulation and Cow direction networks in ARC/INFO
format. The Cow velocity and Cow diffusion values
are kept as 1.5 ms1 and 800 m2s1 respectively.
To evaluate the VIC model performance, the
simulated river discharge is compared with
observed daily river discharge data. As the availability of river discharge data over the Indus basin
is very limited, we have utilized digitized river
discharge data for Tarbela station from Bgure 11 of
Shrestha et al. (2014) for the period 2010–2012
(Bgure 2). In order to extract the daily river discharge data from Bgure 11 of Shrestha et al. (2014),
we performed automated as well as manual digitization of the above-mentioned Bgure (see supplementary Bgure S1b). One can note that the timeseries of digitized data (Bgure 2) matches well with
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the original data shown by Shrestha et al. (2014).
This suggests that the digitized data we utilized in
this study is a good substitute for the original river
discharge data.
3. Evaluation of model using observed
precipitation and reanalysis products
Observed precipitation datasets and reanalysis
products are known to have large uncertainties
over the mountainous regions of the world, especially over the Western Himalayan region (e.g.,
Kim et al. 2015; Mishra 2015). In the present
study, we investigate the uncertainty in simulating
river discharge over the UIB situated in the Western Himalayas using multiple precipitation and
reanalysis datasets (table 1). Using these datasets,
ensemble simulations of river discharge are generated by the VIC model for 2008–2014. As 2 years of
model integration are considered as spin-up period
for stabilization of soil-moisture storage in VIC
model, the initial two years are omitted for further
analysis. The focus of our analysis is for the period
2010–2012, for which observed digitized river
discharge data for UIB is available.
3.1 Implementation of initial set-up, calibration
and evaluation of VIC model
In the present study, we employed the VIC model
setup at very high spatial resolution (0.125 9
0.125) to resolve the complex topography of Indus
basin. Calibration of VIC model parameters is
essential for realistic simulations of water storage

Figure 2. The time series of digitized river discharge data for
Tarbela for 2010–2012. Here time series of river discharge data
for 2010–2012 is prepared by digitizing Bgure 11 of Shrestha
et al. (2014) using web plot digitizer.
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and energy Cuxes over river basin scale (Nijssen
et al. 2001b). Realistic simulations of runoA can
provide good representations of regional evapotranspiration variations (Abdulla et al. 1996).
While calibration can be carried out using soil
moisture, snow cover and evapo-transpiration
datasets, the spatial and temporal resolution of
observations impose limitations on its applications.
However, observed river discharge provides an
immediate measure of surface water balance, as it
gives accumulated runoA over a particular basin.
Here, we utilized the observed digitized river discharge datasets over UIB to compare and optimize
the VIC model simulated river discharge data,
using different objective functions. The objective
functions used to evaluate the VIC model performances are Nash–SutcliAe EDciency (NSE; Nash
and SutcliAe 1970), root mean square error
(RMSE), mean absolute error (MAE) and coefBcient of determination (R2), which are tabulated in
table 2.
The VIC model has a dedicated snow module
that requires speciBcations of elevation bands,
snow albedo, and temperature information. VIC
snow module uses a two-layer (i.e., a thin surface
layer and the pack layer) energy balance approach
to solve the snow accumulation and ablation processes on the ground (Andreadis et al. 2009). As
VIC considers each grid cell as Cat, snow pack
estimation can be erroneous over mountainous
grids. In order to overcome this issue, VIC model
has an option to subdivide each grid cell into elevation bands over the regions of pronounced
topography. These elevation bands are used to
estimate the precipitation, temperature and pressure to more accurate local measures. As the elevation over Upper Indus basin varies from 0 to
8715 m, we used snow module with 20 elevation
band. We carried out VIC model simulation in
energy balance mode at 12 h time step, as higher
temporal resolution simulations reduce the skill of
the VIC model on the simulation of daily river
discharge. There are three main calibration
parameters which can be tuned in the calibration
process. They are maximum temperature at which
snow can fall, minimum temperature at which rain
can fall and surface roughness of snow. We kept
these parameters as 1.5C, 0.5C and 0.001,
respectively. First, we have conducted calibration
of the VIC model using a single set of randomly
selected precipitation and reanalysis products
tabulated in table 1. While the VIC simulations
are conducted for 2008–2014, the outputs for
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Table 2. Measures of model performance for VIC model using randomly selected single set of precipitation and reanalysis
datasets. Ot and St are the observed and simulated daily river discharge from time steps 1 to n, and O and S represent the mean of
Ot and St.
Sl. no.
1

Measures
CoefBcient of determination (R2)

Equations

n
P

2010–2012
2

ðOt OÞðSt SÞ
n
n
P
2P
2
ðOt OÞ
ðSt SÞ

01 Jun 2010–30 Sep 2010

0.84

0.79

0.83

0.90

795.60

1367.96

1126.04

1975.61

t¼1

t¼1

2

n
P

Nash–SutcliAe eDciency coefBcient (NSE)

t¼1
1P
n

t¼1

ðOt St Þ2

ðOt OÞ

2

t¼1

3

Mean absolute error (MAE)

4

Root mean square error (RMSE)

1
n

n
P

jOt  St j
t¼1
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
P
1
ðO t  St Þ2
n
t¼1

2010–2012 are used for evaluating the model
performance by comparing with the daily observed
river discharge available for that period. In the
calibration process, six soil parameters are adjusted using auto start simplex optimization algorithm; in which optimization is achieved using NSE
coefBcient as the objective function. The six soil
parameters are: (1) inBltration parameter, (2)
depth of second soil layer, (3) depth of third soil
layer, (4) fraction of maximum base Cow velocity
where nonlinear base Cow occurs (Ds), (5) fraction
of moisture content where nonlinear base Cow
occurs (Ws), and (6) maximum velocity of base
Cow where nonlinear base Cow occurs (Dsmax).
The Brst three parameters mainly aAect surface
runoA, while the remaining two aAect base Cow
simulations. While second soil layer thickness
aAect the water available for transpiration, third
soil layer thickness aAect base Cow. Though thicker
soil layers slow down the runoA, it helps for the
longer retention of soil moisture and enhancement
of baseCow in wet season. The VIC model utilizes a
two-stage base Cow curve (Franchini and Pacciani
1991) in which the base Cow has a linear relationship with soil moisture in the bottom layer of VIC
till soil moisture is below a certain limit (Ws).
Once soil moisture crosses the threshold, base Cow
increases exponentially with soil moisture of the
lowest layer. This threshold moisture content
(Ws), is calibrated to adjust the river discharge
peaks. In addition, base Cow parameters will be
more sensitive over the basins which experience
snow accumulation and ablation processes. Base
Cow will be lower in the snow accumulation season.
Once snow melts, water inBltrates and Bll the soil
layers. When the water content in lower layer (Ws)
reaches the point where non-linear base Cow occurs

and base Cow will increase rapidly. The acceptable range of calibration parameters are given in
Nijjsen et al. (2001b). In the present study, we used
a Bxed depth of 1 m as the depth of third soil layer.
The VIC model is calibrated by changing the
above-mentioned soil parameters until the NSE
value converges to an optimum desired result.
Once the optimum NSE value is obtained, further
evaluation of VIC model is carried out using various other measures shown in table 2. The values of
different soil parameters obtained after successful
optimization processes are listed in table 3. After
optimization, the VIC simulated daily river discharge yields NSE and R2 values of 0.83 and 0.84,
respectively (table 2). It is also noticed that the
simulated daily river discharge shows high correlation of 0.92 with the observed river discharge,
yielding MAE and RMSE values of 795.60 and
1126.04, respectively (table 2). This can also be
seen from table 2 that the VIC model shows good
performance (correlation coefBcient 0.85) for the
2010 summer monsoon season which witnessed
series of heavy monsoon rains and associated
Coods. We also note that the VIC model is able to
simulate the peak river discharge in the UIB during
July 2010, that produced devastating impacts on
human lives and property in the downstream area
(Hong et al. 2011; Houze et al. 2011; Webster et al.
2011; Lau and Kim 2012; Mujumdar et al. 2012;
Priya et al. 2015).
3.2 Uncertainty estimation of simulated river
discharge
Previous studies have documented that uncertainties in simulated river discharge using hydrological
models arise mainly due to the uncertainties in input
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Table 3. Calibrated VIC model parameters and its values.
Sl.
no.
1
2
3
4
5
6

Calibrated
values

Parameters

Description

b
d2
d3
Dsmax
Ds
Ws

InBltration parameter nonlinear base Cow occurrence
Depth of second soil layer
Depth of third soil layer
Maximum velocity of base Cow
Fraction of Dsmax where nonlinear base Cow begins
Fraction of maximum soil moisture content above
which nonlinear base Cow occurs

meteorological parameters (e.g., precipitation) as
compared to uncertainties from hydrological model
parameters (Raje and Krishnan 2012; Joseph et al.
2018). However, it is not clear that which meteorological forcing contributes largely to the spread in
simulated river discharge. In order to address this
question, we conducted ensemble of hydrological
simulations using multiple sets of precipitation and
reanalysis datasets. In order to reduce the complexity of the analysis, we used calibrated VIC
hydrological model (see previous section for the
details) with an NSE = 0.83 and R2 = 0.84, such
that uncertainty introduced by the hydrological
model parameters can be excluded. Here we utilized
precipitation data from multiple gridded datasets as
well as temperature maximum at 2 m, temperature
minimum at 2 m and wind speed from various
reanalysis products to simulate the river discharge
over UIB for 2010–2012. The datasets used in the
present study include Bve precipitation datasets and
Bve reanalysis datasets (table 1). As the VIC model
requires precipitation, temperature maximum at 2
m, temperature minimum at 2 m and wind speed, we
have generated ensemble sets of meteorological
forcing datasets for VIC model by varying the
reanalysis datasets for each of the Bve precipitation
products, i.e., CHIRPS-ERA5, CHIRPS-ERAINT,
CHIRPS-NCEP,
CHIRPS-JRA55,
CHIRPSMERRA2,………………, TRMM-ERA5, TRMMERAINT, …., …., ….. In this manner, we constructed 25 sets of input meteorological Belds which
are used to force the VIC model to produce 25
member ensemble simulations of river discharge for
the Tarbela station during the period 2010–2012.
The time series of daily river discharge based on the
VIC ensemble simulations are shown in Bgure 3(a).
From Bgure 3(a), one can notice a spread in simulated river discharge for various sets of precipitation–reanalysis products. The mean, standard
deviation, range and coefBcient of variation
(explained in percentage; CV) for the ensemble

0.20
0.30 m
1m
30
0.45
0.50

Acceptable range
(Troy et al. 2008)
0.001–1.000
0.1–3.0 m
0.1–3.0 m
0.1–50
0.001–1.00
0.002–1.00

simulation of daily river discharge, along with mean
observed daily river discharge, for Tarbela station
situated over UIB for annual as well as winter
(December–February), spring (March–May), summer (June–September) and post-monsoon (October–November) seasons are shown in table 4. It is
noted from table 4 that the magnitude of the
ensemble mean of the simulated annual river discharge matches reasonably well with observed mean
annual river discharge. However, it is can be seen
from table 4 that model simulation underestimates
river discharge during winter and summer, but
overestimates during spring and post-monsoon seasons. While this small peak in river discharge during
pre-monsoon season can be due to the incorporation
of snow module, the snow melt response is sensitive
to surface temperature variations across different
reanalysis datasets. Though the coefBcient of variation of daily river discharge among ensemble
members of VIC model simulations is *16% in
annual scale, it is relatively large during summer
monsoon season.
The Taylor diagram (Bgure 3b) shows a graphical representation of the standardised deviation
and correlation of river discharge simulated by
ensemble realization of VIC model with respect to
observed river discharge over UIB for 2010–2012.
It is seen from the Taylor diagram that the performance of VIC hydrology model in simulating
daily river discharge over UIB varies significantly
with the input meteorological datasets. It can be
noticed that GPCP-JRA55 depicts better performance for annual daily river discharge with bias
less than 1%, correlation *0.88 and standard
deviation close to 1. Though 84% of the ensemble
members show a correlation greater than 0.80,
64% of models shows bias greater than +/– 10%.
However, it is not clear from Bgure 3(b) that
whether major uncertainty in simulated daily river
discharge arises from precipitation datasets or
reanalysis products.
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(a)

(b)

Figure 3. (a) Time series of observed (black) and model simulated (coloured) river discharge for upper Indus basin for 2010–2012
for different ensemble simulations. (b) Taylor’s diagram for annual river discharge simulated for different ensemble simulations.
The triangles indicate bias in modelled river discharge. The ensemble simulations which deviate far from the boundary of
Bgure are shown below the x-axis. The correlation coefBcient and standardized deviations are denoted as numerator and
denominator.

To understand the relative contributions of
precipitation and reanalysis datasets on generating uncertainty in the simulated daily river
discharge, the ensemble simulations are stratiBed
based on input meteorological forcing. Subsets of
ensemble members are generated such that all
the members which utilize the same precipitation

data but varying reanalysis products fall in one
set. By doing so, Bve subsets are generated for
the Bve different precipitation forcing datasets.
Likewise, Bve subsets are generated for a given
reanalysis product but varying precipitation
data. Further we have estimated different measures of model performance such as NSE, R2,
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Table 4. The mean, standard deviation, range and coefBcient of variation of observed
and ensemble simulated river discharge for 2010–2012 for annual as well as winter,
spring, summer and post-monsoon seasons.
Mean
Station
Winter (December–February)

Spring (March–May)

Summer (June–September)

Post-monsoon (October–November)

Annual

MAE and RMSE for simulated annual daily river
discharge for ensemble members for 2010–2012
periods for various subsets (Supplementary
table S1). Finally, the mean as well as maximum
and minimum for each measures of model performance is calculated for each subsets, which are
depicted as error graph in Bgure 4. A visual
inspection of Bgure 4 indicates that the eAect of
reanalysis products and precipitation products
on model performance on simulating daily river
discharge is comparable over Indus basin. Further, it is noticed that performance of VIC model
with TRMM precipitation forcing yields a mean
NSE of 0.72 with various reanalysis products
(Supplementary table S1). While considering
various combinations of precipitation datasets
with a single reanalysis product, the performance
of ERA5 is remarkably high with NSE of 0.75 and
R2 of 0.80. It is also interesting to note that VIC
simulations using coarse resolution NCEP datasets also perform better as compared to other
multiple precipitation-single reanalysis combinations with an NSE (R2) value of 0.68 (0.71).
Further we estimated CV of different measures of
model performance for single precipitation-multiple reanalysis combinations as well as multiple

Measures

Ensemble

Observation

Mean
SD
CV
Range
Mean
SD
CV
Range
Mean
SD
CV
Range
Mean
SD
CV
Range
Mean
SD
CV
Range

451
74
16
248
2160
356
16
1343
4560
1116
24
4240
1307
208
16
656
2397
388
16
1458

608

1380

5620

1065

2552

precipitation-single reanalysis combinations
(Supplementary tables S1 and S2). It is noticed
that CV of both these combinations are comparable, which conBrms that precipitation products
as well as reanalysis products contribute equally
to uncertainties in simulating the annual daily
river discharge over UIB.
3.3 Analysis of P-ET over upper Indus basin
It is noted from the Taylor diagram (Bgure 3b)
that correlation and bias of simulated river discharge as compared to observed digitized river
discharge datasets for 2010–2012 vary significantly
among the VIC ensemble members. According to
the water balance equation, the basin scale water
balance can be expressed as P-ET = R + S
(Seneviratne et al. 2010), where P, ET, R and S are
precipitation, evapo-transpiration, runoA and soil
moisture storage respectively. While considering
annual water balance over a river basin, soil
moisture storage term can be neglected from the
above equation (Hasson et al. 2013). Hence runoA
can be considered purely based on P and ET on
annual scale. Figure 5(a) denotes the scatter
diagram between modelled mean annual river
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(a) R2

(b) NSE

(c) MAE

(d) RMSE

Figure 4. Error graph showing different measures of model performance such as (a) R2, (b) NSE, (c) MAE and (d) RMSE for
ensemble VIC model simulations using various set of precipitation (reanalysis) products. The Brst (second) panel in each
Bgure shows the mean, maximum and minimum value of each measures of ensemble simulations conducted by keeping same
reanalysis (precipitation) dataset and varying precipitation (reanalysis) products as forcing to VIC model.

discharge and mean annual P-ET for various
ensemble members. It is noted that R2 value
between modelled mean annual river discharge and
mean annual P-ET is 0.99. This significantly high
R2 values imply that model simulated annual river
discharge is strongly controlled by mean annual
P-ET in all ensemble members.
In the present section, we investigate how bias in
annual river discharge simulated by the VIC
ensemble members is related to P-ET over the
snow-covered mountainous regions of UIB. First,
we calculated mean annual bias in modelled river
discharge for Tarbela station during 2010–2012 for
each of the ensemble simulations. The scatter diagram of simulated mean annual P-ET with mean
annual bias in modelled annual river discharge for
various ensembles of VIC model is shown in
Bgure 5(b). It is inferred from Bgure 5(b) that bias
in the simulated annual river discharge by the VIC
model ensemble simulations is highly correlated
(CC = 0.99) with simulated annual P-ET. As bias
explains whether simulated river discharge is
higher or lower compared to observation, the high
correlation noted in Bgure 5(b) implies that an
increase (decrease) in P-ET can lead to increase
(decrease) in bias in river discharge simulation in
the various ensembles. It also suggests that any
discrepancy in model estimation of P-ET can contribute significantly to the bias in the modelled
annual river discharge in the ensemble members.
The computation of water balance over river
basin comprises of various meteorological variables.

Here we present regression analysis of association
of annual as well as seasonal bias in modelled river
discharge with various terms in water balance
equation using Portrait diagram (Bgure 5c and d).
As model estimation of ET greatly depends upon
air-temperature and wind-speed from input
reanalysis products, any disparity in estimated
P-ET can arise either from precipitation datasets
or reanalysis products. Understanding the relative
roles of each variable in producing bias in river
discharge during various season over snow-accumulated region are quite complex. While horizontal wind-speed promotes evapo-transpiration
(Penman 1948; Shuttleworth 1993), the same
adversely aAects the snow accumulation (Pomeroy
et al. 2003; Dadic et al. 2010) through generation of
turbulent Cuxes. In a similar way, the eAect of
temperature on river discharge varies with season
over UIB, as an increase in temperatures can either
enhance evapo-transpiration or snow melt. Hence
unrealistic representation of the seasonally varying
meteorological forcing can produce biases in river
discharge simulations.
Portrait diagram (Bgure 5c and d) depicts
regression values, which comprehend the association of annual as well as seasonal bias in modelled
river discharge with various terms in water balance. We also incorporate multiple regression
analysis in Bgure 5(c and d) to differentiate the
relative strength of these various meteorological
variables in causing bias in seasonal as well as
annual river discharge. The Brst column (Bgure 5c)
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(b)

Precipitation - Evapotranspiration

Precipitation - Evapotranspiration

(a)

% Bias in modelled annual river discharge

modelled annual river discharge

(c)

(d)

Figure 5. (a) Modelled annual river discharge as a function of modelled P-ET (precipitation minus evapo-transpiration),
(b) same as (a) but for bias in modelled annual river discharge for various ensemble member VIC simulations, (c) portrait
diagram displaying the regression coefBcient between biases in simulated river discharge and P-E, P (precipitation), E (evapotranspiration), and (d) same as (c) but with surface air temperature (T), wind speed (W) and snow melt for each ensemble VIC
model members for annual, winter, spring, summer and post-monsoon seasons. It should be noted that multiple regression is
carried out for bias with P and ET and bias with surface air temperature and wind speed separately. Hatched columns in (c) and
(d) denote multiple regression values and values shown in bold represents regression values significant at 0.01 level.

represents R2 value of bias in river discharge with
P-ET. The second and third columns in
Bgure 5(c) represent multiple regression values of
bias in river discharge with P and ET separately.
As ET depends mostly on air-temperature and
wind-speed, multiple regression of bias in river
discharge is carried out with temperature and
horizontal wind speed separately (Bgure 5d). Here
significant R2 values, which are shown as bold,
indicate the agreement between ensemble simulations. It is to be noted that the mean seasonal
values are calculated by averaging over that particular season for 2010–2012. Similarly mean
annuals for various variables are calculated for
2010–2012.
One can note a significantly high R2 value
between bias in river discharge with P-ET for
annual, summer and post-monsoon seasons, while

it is weak during winter and spring (Bgure 5c; Brst
column). This suggests that in most of the ensembles, biases in the modelled river discharge for
annual, summer and post-monsoon arise from the
biases in the estimation of P-ET. The multiple
regression analysis shown in Bgure 5(c) depicts a
statistically significant relationship of precipitation
(R2 = 0.80/1.30) and ET (R2 = –0.73/–1.10) with
bias in annual/summer monsoon river discharge.
This indicates that bias in annual and summer
monsoon river discharge are mainly arising either
from input precipitation forcing or from the model
estimation of ET. An increase in ET can decrease
river discharge though hydrologic loss. As ET is a
function of temperature and wind speed, these
variables also aAect modelled river discharge negatively. We noted a significant negative relationship of temperature and wind-speed with bias in
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annual modelled river discharge (Bgure 5d). This
indicates that temperature and wind speed promotes evapo-transpiration and in turn aid to
decrease river discharge during annual and summer
season.
Earlier it was noted that the regression coefBcient between bias in river discharge and P-ET is
insignificant during winter and spring. In another
words, it implies that there is a considerable disagreement among ensemble members on the association of P-ET with bias in simulated river
discharge during winter and spring. It is interesting
to note that multiple regression coefBcient of bias
in simulated river discharge and surface temperature shows a significant positive value (R2 = 0.92/
0.62) during winter/spring seasons (Bgure 5d).
Studies have documented that snow accumulation
and ablation processes are highly dependent on
temperature and wind speed (Pomeroy et al. 2003;
Dadic et al. 2010). Strong bias-temperature positive relationship implies robustness of positive
eAect of temperature on simulated seasonal river
discharge during spring and winter in various
ensembles. This can be because of the possible role
of increased temperature on promoting snowmelt
and river discharge during winter and spring in
various ensembles. These Bndings are further corroborated by the regression analysis of bias in river
discharge with snowmelt (Bgure 5d; last column).
A significant positive relation is noted between bias
in river discharge and snowmelt during spring. Our
analysis indicates that increase (decrease) in temperature causes increase (decrease) in snowmelt
which in turn causes increase (decrease) in bias in
river discharge during spring. However, we noted a
significant negative regression (R2 = –0.96/–0.59)
values in the bias–windspeed relationship during
winter/spring. This shows that wind speed seems
to promote evapo-transpiration and hence reduce
river discharge during winter and spring. EAect of
wind-speed on promoting evapo-transpiration
during winter and spring season has been noted by
earlier studies (Pomeroy et al. 2003; Dadic et al.
2010).
Though regression values between bias in simulated river discharge and snowmelt are positive
during all seasons, it is highly significant at summer and weak during winter. However, multiple
regression analysis of bias in simulated river
discharge with temperature and wind speed indicates a non-significant (significant) negative value
for temperature (wind speed) during summer.
This implies that though bias-windspeed inverse
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relation is robust among ensemble members during
summer season, the eAect of temperature on bias in
river discharge is feeble among ensemble members
during summer season, indicating possible uncertainty in the simulation of hydrological processes
during summer season in various ensemble
members.
In short, the above analysis concludes that
though simulated river discharge is strongly related to P-ET in annual scale, there is significant
seasonal variations in its strength. This seasonal
variation seems to be because of the dependence of
bias in river discharge with snowmelt.

3.4 Seasonal variation of bias in simulated river
discharge
We further analysed the seasonal evolution of bias
in river discharge as well as other associated hydrometeorological variables over UIB by classifying
the 25 ensemble simulations based on positive or
negative bias in annual river discharge. First, we
considered ensemble simulations which have positive bias in annual river discharge over UIB. We
calculated seasonal ensemble mean of river discharge as well as other associated hydro-meteorological variables for 2010–2012 period for this set of
simulations. Precipitation, 10-m air temperature,
wind speed, evapo-transpiration, snow-water equivalent and snow melt are the associated hydrometeorological variables considered here. Similar
analysis is repeated for the ensemble members with
negative bias in annual river discharge. Hereafter
the ensemble simulations which have positive/
negative bias in annual river discharge will be
referred as POSB/NEGB. Here we considered four
seasons, namely winter (December–February),
spring (March–May), summer (June–September)
and post-monsoon (October–November). Finally
the difference between POSB and NEGB is calculated by subtracting the seasonal ensemble mean of
NEGB from that of POSB for river discharge,
precipitation, 10-m air temperature, wind speed,
evapo-transpiration, snow water equivalent and
snow melt. This difference is shown as bar-graph in
Bgure 6, where a positive (negative) value indicates
that the ensemble mean of POSB is larger (smaller)
than ensemble mean of NEGB.
The seasonal evolution of ensemble difference
between POSB and NEGB for simulated river
discharge is shown in Bgure 6(a). One can note a
significant positive difference in the simulated river
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discharge during summer. This implies that the
ensemble mean river discharge of POSB is significantly larger than that of NEGB during summer.
In order to understand the causative factor for the
large difference in river discharge during summer
season, we analysed other associated hydrometeorological variables which are shown in
Bgure 6(b–i). It is seen that difference in precipitation is positive for all seasons, especially for
summer (Bgure 6b). However, it is intriguing to
note a positive departure in 10-m air temperature
(Bgure 6c) during summer for POSB. In addition,
an enhanced snow-melt is also noticed for POSB
during summer season. As accumulated snow hinders the inBltration to the soil, baseCow will be
lower in the snow accumulation season. As temperature increases during summer season, snow
starts to melts. Once snow melts, water inBltrates
to the soil layers and increases the base Cow. Base
Cow increases exponentially when the water content in the lowest soil layers reaches the critical
value (Ws). This, in turn, aAects the peak river
discharge during snow ablation season. The abovementioned factors imply that a positive 10-m air
temperature might have yielded positive snow-melt
during summer season in POSB simulations. It can
also be noted (see Bgure 6c and g) that there is
significant amount of snowmelt for a moderate
positive departure in 10-m air temperature during

summer season. This analysis shows that a slight
difference in temperature can have large implications on snowmelt and associated river discharge
during summer season.
One can also note a negative difference in evapotranspiration for all seasons (Bgure 6g). This
implies that evaporative loss is less in POSB simulations as compared to NEGB simulations. The
less evaporative loss during summer season in turn
might have aided for an increase in river discharge
in POSB simulations. In addition, wind-speed also
shows a negative difference in POSB simulations
during all seasons (Bgure 6d). Generally, subdued
wind-speed can enhance snow accumulation
(Pomeroy et al. 2003; Dadic et al. 2010) over
snowfall dominant regions. The lower wind-speed
in POSB simulations seems to be favourable for the
positive difference in snow water equivalent
noticed during all seasons (Bgure 6h). While
enhanced 10-m air temperature can promote snow
melt and river discharge, subdued wind-speed and
evapo-transpiration tends to reduce hydrologic loss
and increase river discharge in POSG simulations.
The above discussion suggests that uncertainties in
the hydro-meteorological factors, besides precipitation, can contribute to positive biases in river
discharge during summer monsoon season. However, earlier we noted that though association of
bias in river discharge with snow melt is robust

(a)

(b)

(c)

(d)

(e)

(f)

(g)

Figure 6. Ensemble mean difference in (a) river discharge, (b) precipitation, (c) 10-m air temperature, (d) wind speed,
(e) evapo-transpiration, (f) snow water equivalent, and (g) snow melt for winter, spring, summer and post-monsoon seasons.
Here ensemble mean difference is computed by subtracting the mean of ensemble VIC model simulations with negative bias in
annual river discharge from those with positive bias in annual river discharge.
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during summer, its association with temperature
is insignificant in various ensembles (Bgure 5b).
Hence the above-discussed factors indicate a
diverse response of river discharge to temperature
as enhanced temperature can increase (decrease)
bias in simulated river discharge by promoting
snow melt (evapo-transpiration) processes during
summer season. This also indicates that uncertainty in the temperature forcing can introduce a
nonlinear increase in uncertainty in the simulation
of hydrological processes over UIB region, significantly during summer season.
Analysis indicates that a marginal uncertainty in
temperature forcing can create large uncertainty in
snowmelt during summer season, which in turn
increase the uncertainty in the seasonal river discharge during summer. The analysis highlights that
incorporation of realistic temperature data from
reanalysis products is equally important as that of
precipitation product for realistic simulation of land
surface processes during various seasons, especially
during summer, over snow covered UIB.

4. Analysis of daily river discharge
over upper Indus basin
The Indus basin witnessed series of Cood events
due to heavy monsoon rain spells during
2010–2012, 2014 and 2015 and aAected millions of
people living in the downstream areas. Studies
have reported that changes in the large-scale and
regional-scale circulation patterns make Indus
basin conducive for increase in heavy monsoon rain
spells and associated increase in Cood events during
recent few decades (Latif et al. 2016; Priya et al.
2017). A better understanding of peak river discharge, including its likely return periods, is indeed
essential for construction of dams, roads and other
infrastructure designs which in turn can enhance
the community resilience to future Coods over the
region. If the uncertainties in peak river discharges
are large, it will have implications on infrastructure
safety and Cood warnings. Though macro scale
hydrological models provide a better tool to
understand the long term hydrological changes
over river basin scale, the optimization of model
parameters largely depends upon the accuracy of
meteorological forcing datasets. Here we try to
estimate the uncertainty generated in the simulation of extreme daily river discharge by VIC model
due to selection of the various meteorological
forcing datasets.
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4.1 Special case of 2010 summer monsoon
season
Studies have documented that 2010 Pakistan Cood
episodes over Indus basin occurred due to extreme
precipitation spells (e.g., Hong et al. 2011; Houze
et al. 2011; Webster et al. 2011; Lau and Kim 2012;
Mujumdar et al. 2012; Priya et al. 2015; Rasmussen
et al. 2015). Figure 7 depicts basin averaged daily
precipitation as well as VIC model simulated river
discharge for July–August 2010. One can note that
the intensity of basin averaged precipitation
denotes a large variation among different precipitation datasets for July–August 2010. However,
the maximum precipitation day of extreme precipitation spells falls on same day (i.e., 28 July
2010) for all precipitation datasets, except
CHIRPS, where it is 29 July 2010. Studies have
documented that Indus basin recorded a peak river
discharge of 833,000 and 937,453 cusecs over Tarbela and Kalabagh, respectively during 30 July
2010 (Gaurav et al. 2011; Hashmi et al. 2012). The
ensemble hydrological model simulations also show
peak river discharge on 30 July 2010, with an
ensemble mean river discharge of 587,605 cusecs,
CV of 37.7 and a spread of 953,600 cusec among
25 ensemble members.
The spread in simulated Cood episode is examined using coefBcient of variation (CV) of mean
river discharge for 28–30 July 2010 for 25 ensemble
members (table 5). First mean river discharge is
calculated for 25 ensemble members for 28–30 July
2010. A matrix is created in which mean river
discharge values are arranged based on the combination of precipitation (rows) and reanalysis
product (columns) utilized to force the VIC model
for that particular ensemble member (table 5).
Further, coefBcient of variation is calculated along
each row and each column separately. The estimation of CV along a row (column) indicates
variations in the mean river discharge due to
change in reanalysis (precipitation) product for a
particular precipitation (reanalysis) dataset. Basically, CV calculated along row (column) brings out
the uncertainty due to reanalysis (precipitation)
products. From table 5 it can be seen that CV in
the mean river discharge due to change in precipitation product (last row) is almost 1.8 times higher
than that of reanalysis products (last column).
This indicates that uncertainty due to input precipitation datasets is 1.8 times higher than that of
reanalysis products in simulating extreme river
discharge for 2010 summer monsoon season. This
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Figure 7. The time series of observed area averaged daily precipitation (grey bar graph) for upper Indus basin during
July–August 2010 for CHIRPS, CMORPH, CPC, GPCP and TRMM precipitation datasets are shown in Brst, second, third,
fourth and Bfth panel respectively. The time series of simulated river discharge (coloured lines) at Tarbela, taken from VIC
ensemble simulations which utilize corresponding precipitation forcing, are also shown in respective panels. Observed digitized
river discharge (black line) at Tarbela is also shown in each panels.

quantitatively conBrms that river discharge
simulation by a hydrological model during heavy
monsoon rain spell is mostly dependent on the
input precipitation products.
4.2 Flow duration curve analysis
A Cow duration curve is an estimate of the
percentage of time a given river discharge (Cow) is
equalled or exceeded and it represents the relationship between the magnitude and frequency of
daily river discharge over a particular basin. Flow
duration curves for river discharge simulated by

ensemble VIC model simulations for 2010–2012 are
shown in Bgure 8(a). It can be noticed that the low
and medium intensity river discharges simulated
by VIC model exhibit less spread across the
members, as compared to high Cows which exhibit
larger spread across members. As the magnitude of
river discharge increases, the spread in the simulated river discharge also shows an increase. To
understand the uncertainty in simulated extreme
river discharge for 28–30 July 2010 Cood over Indus
basin, Cow duration curve analysis is carried out
for 2010 and 2011–2012 summer monsoon season
separately (Bgure 8b and c). The bold black line in
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Table 5. The mean river discharge during 28 July 2010–30 July 2010 for all 25 ensemble VIC model
simulations which utilized various combinations of precipitation and reanalysis products. CV of
mean river discharge during 28 July 2010–30 July 2010 is estimated for single precipitation-multiple
reanalysis data sets as well as multiple precipitation-single reanalysis combinations and tabulated in
last column and last row respectively.
Mean river discharge during 28 July 2010–30 July 2010

CHIRPS
CMORPH
CPC
GPCP
TRMM
CV
Mean CV

ERA5

ERAINT

JRA55

MERRA2

NCEP

CV

Mean CV

10,133
7198
14,361
15,877
14,655
24.3
25.14

9830
7642
14,419
18,638
16,606
28.0

8130
5011
11,568
11,662
11,777
25.4

7653
5128
11,337
9857
11,068
23.2

8393
6445
11,835
15,002
12,076
24.8

10.5
15.5
10.6
19.4
14.5

14.09

(a)

(c)

(b)

(d)

Figure 8. Flow duration curve for river discharge during (a) 1 Jan 2010–31 Dec 2012, (b) 2010 summer monsoon season,
(c) same as (a) but for 2011–2012. (d) Ratio of normalized standard deviations of river discharge which exceeded less than 10%
time between 2010 and 2011–2012 summer monsoon season. Here normalized standard deviation is calculated by dividing
observed river discharge with standard deviation of modelled river discharge for each percentile for 2010 and 2011–2012
separately.

Bgure 8(b and c) depicts the Cow duration curve
for the observed river discharge for the summer
monsoon season during respective years. One can
note that the spread in the simulated river discharge is significantly higher in 2010 as compared
to 2011–2012 summer monsoons, especially for Cow

exceedances less than 20% of time. Normalised
standard deviation of simulated river discharge is
calculated separately for 2010 and 2011–2012 for
high Cows (Cow exceedance less than 10% of time).
Further, the ratio between normalised standard
deviation of simulated river discharge for 2010 with
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that of 2011–2012 is calculated for high Cows. This
ratio is shown in Bgure 8(d). It can be seen that the
ratio of normalised standard deviation for 2010
summer monsoon season drastically increases for
the Cow exceedances less than 3% of time. It is also
noted that the uncertainty in Cow exceedances less
than 1% time is almost 1.9 times higher for 2010
than that of 2011–2012. This implies that the
uncertainty in the simulation of river discharge
drastically increases in accordance with increase in
the magnitude of river discharge.

5. Summary
The present study focuses on estimating uncertainties in simulating river discharge over the UIB situated in the elevated regions of the Western Himalaya.
In order to simulate the river discharge over UIB, we
used the VIC semi-distributed macro-scale hydrology
model set up at 0.125 9 0.125 resolution over UIB
driven by multiple observed meteorological forcing
datasets (i.e., precipitation, surface temperature and
wind speed). The main outcomes from this study are
summarized below. Analysis of different measures of
model performance indicates that reanalysis products
as well as precipitation products create almost equal
amount of uncertainty in the performance of VIC
model in simulating annual river discharge over the
UIB. We found that though biases in annual river
discharge are positively correlated with the simulated
basin averaged P-ET with a high conBdence among
ensemble members, the correlations exhibit significant seasonal differences during the study period. We
noted that the bias in annual river discharge mainly
comes from bias in the summer river discharge. This
seasonal variation in bias in modelled river discharge
seems to be due the dependence of river discharge on
seasonal snow accumulation/ablation processes. Our
analysis indicate a diverse response of river discharge
to temperature during summer season, as enhanced
temperature can increase (decrease) bias in simulated
river discharge by promoting snow melt (evapotranspiration) processes. It is found that a marginal
uncertainty in temperature forcing can create large
uncertainty in snowmelt during summer season,
which in turn increase the uncertainty in the seasonal
river discharge during summer. In addition, coefBcient of variation of daily river discharge among
ensemble members of VIC model simulations is relatively large during summer monsoon season. Our
analysis demonstrates that in addition to precipitation, surface air temperature during summer season
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is equally important for seasonal evolution of river
discharge over UIB. While the estimation of evapotranspiration and snow accumulation/ablation processes depends on meteorological forcings, such as air
temperature and wind speed, it is noted that the
simulated seasonal river discharge over the UIB is
largely sensitive to the meteorological forcing products. Our analysis shows that both precipitation and
snowmelt processes critically inCuence river discharge in the UIB during the northern summer
through surface temperature and wind-speed
variations.
Examination of daily river discharge using Cow
duration curve analysis based on the VIC simulations indicates less ensemble spread for low and
medium intensity river discharge, whereas the
ensemble spread is larger for high Cows. Simulation
of river discharge during the extreme Cood event of
2010 summer monsoon season shows a large spread
among ensemble members. It is noted that the
input precipitation products produce almost 1.8
times larger uncertainty in simulating the 2010
summertime extreme river discharge over the UIB,
as compared to other meteorological forcing. Our
analysis further indicates that uncertainties in the
simulated river discharge for the 2010 summer
monsoon drastically increases for the Cows which
exceeded less than 3% time.
Our analysis suggests that accurate meteorological
forcing (e.g., surface temperature and wind-speed)
are as important as precipitation data for realistic
hydrological simulations of river discharge over the
snow/glacier covered mountainous UIB region. This
study also highlights the need for high-quality and
reliable products of precipitation, temperature and
wind speed over the mountainous UIB. As higher
elevations in mountainous areas are warming at a
higher rate than lower elevations (Pepin et al. 2015;
Liu and Yan 2017; Krishnan et al. 2019b), the results
drawn from this study have potential implications on
studies on future hydrological projections over snow/
glacier covered mountainous regions under warming
climate. The present analysis of the VIC simulations
and the conclusions drawn therein are for the period
2010–2012, for which the observed river discharge has
been available. Availability of long-term river discharge data over the climate sensitive UIB region
would be vital for robust and reliable estimations of
long-term changes in the regional hydrological processes. It is also to be noted that the present study
utilizes bilinear interpolation technique to interpolate the meteorological data to hydrological model
grid. Interpolation of precipitation, especially in
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mountainous terrains can introduce uncertainty in
the forcing for the hydrological model. Although we
have discussed the sensitivity of the river discharge in
the UIB to different precipitation datasets for
extreme Cood during 2010 summer monsoon season,
quantifying the uncertainty due to bilinear interpolation of the precipitation dataset will require a separate detailed study which is beyond the scope of this
paper.
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